®

Check for
updates

Declarative Process Mining for Software

Processes: The RuM Toolkit
and the Declare4Py Python Library

Anti Alman'®)@®, Ivan Donadello?®) @, Fabrizio Maria Maggi?™=®),
and Marco Montali?(®)

! University of Tartu, Tartu, Estonia
anti.almanQut.ee
2 Free University of Bozen-Bolzano, Bolzano, Italy
ivan.donadello@unibz.it, {maggi,montali}@inf.unibz.it

Abstract. Process mining is one of the research disciplines belonging
to the field of Business Process Management (BPM). The central idea of
process mining is to use real process execution logs in order to discover,
model, and improve business processes. There are multiple approaches
to modeling processes with the most prevalent one being the procedural
models like Petri nets and BPMN models. However, procedural mod-
els can be difficult to use for processes like software processes that are
highly variable and can have a high number of different branches and
exceptions. In these cases, it may be better to use declarative models,
because declarative models do not aim to model the end-to-end process
step by step, but they constrain the behavior of the process using rules
thus allowing for more flexibility in the process executions. The goal of
this paper is to introduce the main principles of declarative process min-
ing (i.e., process mining based on declarative models) and to show which
state-of-the-art declarative process mining techniques have been imple-
mented in the RUM toolkit and in the DECLARE4PY Python library.

Keywords: Declarative Process Mining - Software Processes - Process
Discovery + Conformance Checking * Process Modeling

1 Introduction

Business Process Management (BPM) has become an integral part of how com-
panies organize their workflows starting from the higher levels of management
as recommended in ISO 9000, ISO 9001 Quality Management Principles (espe-
cially principles 4, 5, and 6)! to modeling and optimizing lower level processes
through the use of various process mining techniques [1]. Process mining is the
part of BPM which is focused on the analysis of business processes based on event
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logs containing information about process executions. Process mining techniques
are usually divided into three main branches which are process discovery, confor-
mance checking, and process enhancement. Process discovery is used to generate
a model of the process based on an event log of the process. Conformance check-
ing is used to compare an event log to a process model with the aim of finding
discrepancies between the event log and the model. Process enhancement is used
to modify the model based on the information retrieved from the event log.

Process models can be divided into two types. The most common type
includes procedural models like Petri nets and BPMN models, which aim to
describe end-to-end processes and allow only for activities that are explicitly
triggered in the control-flow [4]. However, modeling step by step the entire
control-flow can be undesirable in some cases. For example, for software pro-
cesses that are less structured and can have a high number of different branches
and exceptions, the model could become quickly unreadable. For these processes,
it may be a better choice to use declarative process models that model the pro-
cess as a set of constraints that the process should follow. Declarative process
mining techniques are process mining techniques based on declarative process
models.

This paper presents two tools RUM [3] and DECLARE4PY [13] that make
some of the existing declarative process mining techniques more accessible to
a wider range of specialists, by focusing, in particular, on the declarative mod-
eling language DECLARE [21]. RUM? is a Java application providing an easy-
to-use GUL. DECLARE4PY? is a Python API that can be easily integrated in
other Python applications. The two tools cover similar declarative process min-
ing functionalities with minor differences.

2 Background

This section provides the necessary background on concepts that are crucial for
understanding the research topic of this paper. It includes an overview of the
process mining artifacts and covers the basics of DECLARE.

2.1 Event Logs, Traces, and Events

Process mining uses data collected from the information systems that leave their
footprint during the executions of the processes they support in the so-called
event logs. An event log is a set of traces. A trace is an execution of a business
process. A trace contains a sequence of events, where each event is related to
the execution of an activity, performed at a certain timestamp with a (possible)
set of other attributes a.k.a. the payload of the event. Two traces belong to the
same variant, if the sequence of activities corresponding to the events in the two
traces are the same.

2 https://rulemining.org.
3 https://declaredpy.readthedocs.io/en/.
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2.2 Declare

DECLARE is a modeling language that uses a constraint-based declarative app-
roach to define a loosely-structured process model [21]. The language is grounded
in Linear Temporal Logic for finite traces (LT L) [10], but no knowledge of tem-
poral logics is required to use the language effectively. The aim of the language is
to describe a process in such a way that all the important aspects of the process
are defined (such as activity A occurs immediately after activity B), while not
requiring the entire process with all of its details to be modeled.

The main building blocks of the language are constraints. Each constraint
consists of a template (a constraint type) and a reference to one or two activities
depending on the template. A template basically defines the semantic meaning
of the constraint and activities in the constraint define the activities to which
this meaning applies. For example, if the constraint template is EXACTLY1 and
the activity is A then this means that activity A should be performed exactly
once during a single process execution.

When working with DECLARE constraints, it is important to understand
three main concepts, which are constraint activation, constraint fulfillment, and
constraint violation. For each constraint, there is at least one activity that is con-
sidered the activation of the constraint. If the activation occurs during the pro-
cess execution then the corresponding constraint is considered to be activated.
The occurrence of an activation triggers some obligations on the occurrence of
another activity (the target). For example, for the RESPONSE constraint having
A as activation and B as target, the execution of A forces B to be executed even-
tually after A. When a constraint is activated then it must be either fulfilled or
violated by the end of the process execution. An activated constraint will be
fulfilled when the condition defined by the constraint is satisfied, otherwise the
constraint will be violated. If a constraint is not activated during the process
execution then the constraint is considered to be vacuously satisfied [22].

MP-DECLARE [6] is an extension of DECLARE allowing the modeler to spec-
ify data conditions on the payload of the activation and/or of the target of a
constraint.

3 RuM and Declare4Py

In this section, we list the declarative process mining techniques implemented
in the RUM toolkit and the DECLARE4PY Python library. Both tools rely on
well-known standards for the input and the output files, i.e., XES [14] for event
logs and decl [23] for DECLARE models. This ensures their interoperability with
other libraries and tools.

3.1 Features of the Tools

RUM currently has five major features: process discovery, conformance check-
ing, process momnitoring, log generation, and log filtering. RUM also provides a
DECLARE editor. DECLARE4PY has five major features: process discovery, con-
formance checking, query checking, log generation, and log filtering.
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Process Discovery. RUM implements four methods for process discovery:
DECLARE MINER, MINERFUL, MP-DECLARE MINER, and MP-MINERFUL.
DECLARE MINER [16] and MINERFUL [12] are well established discovery algo-
rithms for DECLARE. The other two algorithms [15,17] are focused on MP-
DECLARE and have an additional post-processing step to discover data condi-
tions from the event log. The result of the discovery task are presented in three
different formats: as a DECLARE model, as a textual description of the discovered
constraints, and as an automaton representing the translation into an automaton
of the LT'L y semantics of the discovered model. The discovery method supported
by DECLARE4PY is the (data-agnostic) DECLARE MINER only. The results are
returned in a Python data structure containing, for each constraint of the discov-
ered model, the traces that satisfy it. A DECLARE4PY function allows the user
to filter such data structure to retrieve the most frequently satisfied constraints.

Conformance Checking. In RUM, conformance checking is supported by
three methods: DECLARE ANALYZER, DECLARE REPLAYER, and DATA- AWARE
DECLARE REPLAYER. The DECLARE ANALYZER, introduced in [6], takes a
model and an event log as inputs and returns activations, violations, and fulfill-
ments in each trace in the log of each constraint in the model. The DECLARE
REPLAYER [9] and the DATA-AWARE DECLARE REPLAYER [5] report trace align-
ments (using as inputs models without and with the data perspective, respec-
tively). The results are grouped by trace or by constraint. If the results are
grouped by trace, the details of a group show how the selected trace is affected
by each constraint in the model. If the results are grouped by constraint, the
details of a group show how that specific constraint affects each trace in the
event log. The conformance checking method supported by DECLARE4PY is the
DECLARE ANALYZER. The results are listed in a Python data structure indexed
by trace identifier. The user can easily query such data structure to retrieve or
aggregate information.

Query Checking. This task follows the method presented in [18] and takes as
input an event log, a support threshold, and an MP-DECLARE query (i.e., an
MP-DECLARE constraint in which the activation and/or the target activity are
unspecified and replaced with placeholders) and returns the set of assignments of
activities to the placeholders such that the input query instantiated using those
assignments is satisfied in a percentage of traces in the log higher than or equal
to the support threshold. This task is only implemented in DECLARE4PY and
returns a data structure containing the assignments.

Process Monitoring. RUM also provides a functionality for process monitoring.
It allows users to animate a DECLARE model by replaying a log over the model
and showing if each trace in the log violates or satisfies the constraints defined
in the model while the trace develops. This allows users to simulate the log
behavior over a DECLARE model, observe and identify where the constraints are
temporarily or permanently satisfied or violated after the occurrence of each
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event in the log. RUM supports three monitoring methods: MP-DECLARE W
Arroy [19], MoBUCONLTL [20], and MoBUCONLDL [8].

Log Generation. Generating an artificial event log from a model can be useful
for testing out new process mining algorithms or gaining a better understand-
ing of how the process executions may look like based on the model. In RUM,
the log generation supports the ALLOY LOG GENERATOR [18], the ASP Loc
GENERATOR [7], and the MINERFUL LOG GENERATOR [11], with the main
difference being that the ALLOY LOG GENERATOR and the ASP LoG GEN-
ERATOR methods can also account for the data perspective in the input model.
Also DECLARE4PY provides a log generator based on ASP. The log genera-
tor available in DECLARE4PY has more advanced options with respect to the
ones available in RUM. In particular, the tool is able to generate compliant and
non-compliant (positive and negative) traces. The tool is also able to generate
multiple variants of compliant and non-compliant traces. The user can specify
how many variants should be generated and how many times the same variant
should be repeated in the generated log. The tool also allows users to specify
the number of times an activation of a constraint must occur in a trace.

Log Filtering. RUM and DECLARE4PY both provide features for log filtering. As
basic filters the ones implemented in Disco* are available. A number of advanced
filters based on LT Ly are also available. Some of them filter out traces that are
not compliant with some predefined LT'L; rules that according to the litera-
ture [2] are relevant in the BPM context. Similarly, DECLARE constraints and
BRANCHED DECLARE® constraints can also be used for filtering.

4 Summary

In this paper, we presented the functionalities provided by the RUM toolkit and
the DECLARE4PY Python library. These tools will be presented in a tutorial at
PROFES 2023. The tutorial will provide a general overview of the main process
mining tasks followed by a brief introduction to the existing declarative process
mining techniques. In order to develop a mastery of these techniques, in the
tutorial, we will introduce the tools presented in this paper and we will apply
these tools to answer process-related questions using real-life datasets pertaining
to software processes.
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